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Abstract 23
Recent research has highlighted strong correlations between soil edaphic parameters 24 and bacterial biodiversity. Here we seek to explore these relationships across the European 25
Union member states with respect to mapping bacterial biodiversity at the continental scale. 26
As part of the EU FP7 EcoFINDERs project, bacterial communities from 76 soil samples taken 27 across Europe were assessed from eleven countries encompassing Arctic to Southern 28
Mediterranean climes, representing a diverse range of soil types and land uses (grassland, 29 forest and arable land). We found predictable relationships between community biodiversity 30 (ordination site scores) and land use factors as well as soil properties such as pH. Based on 31 the modelled relationship between soil pH and bacterial biodiversity found for the surveyed 32 at various spatial scales. Spatial distribution maps provide a visual representation of the 75 forces shaping populations or communities and therefore provide the foundation for macro 76 ecological understanding (Elton, 1927) . Maps can also guide policy decisions with respect to 77 land management, and can be useful visual resources guiding scientific experimentation and 78 enquiry. Importantly, more recently rasterised maps provide georeferenced data which can 79 feed wider ecological, climatic or biogeochemical models. Already there has been several 80 attempts to map soil microbial properties at national and regional scales, using molecular 81 More advanced geostatistical approaches can be used to predict a variable of interest 89 at unsampled locations based on known relationships between the dependant variable and 90 other predictor variables (e.g climate, soil type, land cover). Such approaches are commonly 91 used in wider ecology (sometimes termed environmental-, ecological-, or species-distribution 92 modelling: Elith et al, 2006) , and can be used to predict either species or communities at 93 unsampled locations (Chapman and Purse, 2011). These environmental correlational 94 approaches have so far been used to predict historical change in soil bacterial biodiversity 95 due to land use at regional scales (Fierer et al, 2013) ; and also to improve on the interpolated 96 maps of bacterial biodiversity across Great Britain (Griffiths et al, 2011) by modelling the 97 observed relationships between bacterial communities and environmental variables, and then 98 forecasting communities in unsampled locations using remote sensed land cover information 99 height data were analysed using GeneMarker software (Softgenetics, LLC, PA, USA). 153
Relative abundances were calculated as the ratio between the fluorescence of each terminal 154 restriction fragment (T-RF) and the total integrated fluorescence of all T-RFs. 155
Statistical Analyses 156
A site by taxon (TRF) relative abundance table derived from the TRFLP analyses was 157 used to explore community relationships with environmental variables, and calculate 158 community scores (ordination site scores and diversity estimates) using standard routines in 159 the vegan library within the R package (R Core Development Team, 2005). Geostatistical 160 calculations, manipulations and plots were also performed within R using the maptools, gstat, 161 raster, and RColorBrewer libraries. Specifically, to produce the bacterial map we used the 162 inverse distance distance weighted (IDW) interpolation method, on account of it's simplicity 163 and widespread application (Lam, 1983) . The IDW method predicts a value at an unsampled 164 location based on the weighted average of values at sampled point locations, with weights 165 decreasing linearly with distance from that location. We used the idw function of the R library 166 gstat to perform the interpolation, using leave one out cross validation to establish the 167 optimum power parameter value (determining how much the weightings decrease with 168 distance) and evaluate the overall performance of the interpolation with respect to predictive 169 power. For both the IDW interpolative mapping, and the prediction contrasts with observed 170 data from a national scale dataset, predictive power was evaluated by assessing the 171 coefficient of determination (R2) and root mean square error (RMSE) between observed and 172 predicted values. 173
Results and Discussion 176

Continental scale patterns of soil microbial communities
land use type (Figure 1 ). This was further confirmed following multivariate permutation tests 179 using the anosim statistic (R = 0.28, P = 0.0001). Pairwise comparisons further revealed that 180 bacterial communities in forest soils were most distinct from to arable and grass communities 181 (R=0.54, and R=0.41 respectively, p<0.0001) with the largest differences in community 182 structure consistently observed between forest and arable soils. Arable and grass 183 communities were more similar, yet significant differences were still apparent despite the wide 184 dispersion at the continental scale of sampling units (R=0.08, p<0.05). Bacterial communities 185 were found to differ between countries (R = 0.13, P < 0.01). However, this effect could be 186 predominantly attributed to the Swedish soil communities which were all sampled from forest 187 sites and formed a distinct outgroup in the ordination (Figure 1b) . When Swedish samples 188 were excluded country of origin had no significant effect (bacteria R = 0.001, P = 0.46). 189
Fitting of environmental variables to the ordination scores also confirmed that 190 microbial communities sampled across Europe were strongly correlated with environmental 191 gradients. The dominant five environmental conditions most strongly associated with 192 microbial community structure differences are presented in Table 1 inherently geographically structured, nor that they are fundamentally driven by the land use 209 of forestry, but is more a reflection of the natural pedo-climatic state which determines both 210 the human land use and the soil biotic and abiotic properties. With respect to contrasts 211 between arable and grassland habitats; whilst arable soils are generally defined by a relatively 212 narrower set of soil properties (e.g high pH and low organic matter) it is possible for grasslands 213 to possess similar properties, particularly if the grassland is part of a arable rotation. Such 214 historical data is not available in this study and such specific contrasts are better addressed 215 in locally focused long term experimental contrasts. 216
Predictability and mapping of soil bacterial communities 217
The site scores for bacterial communities were clearly strongly aligned along the first 218 axis of the NMDS ordination which corresponds with a gradient of soil pH. This afforded the 219 opportunity to extrapolate and predict communities over larger spatial scales using wider soil 220 pH datasets. Such datasets are available across 23 EU member states from the LUCAS 221 topsoil survey (Toth et al, 2013) , which provides data on the percentage of coarse fragments, 222 particle size distribution, pH, organic carbon, carbonate content, phosphorous content, total 223 nitrogen content, extractable potassium content, cation exchange capacity and multispectral 224
properties from approximately 20000 soils. We therefore sought to model the relationships 225 between soil pH and bacterial communities from the present survey, and then predict 226 community NMDS scores for the 20000 data points across the EU of soil pH to enable the 227 production of EU wide maps of predicted soil biodiversity using simple interpolative 228 approaches. 229 Predicted community scores were then mapped using inverse distance weighting 255 parameters (1-5), and the accuracy of predictions assessed by comparing the deviation from 257 the measured data using a leave one out cross-validation procedure. The best performing 258 interpolated map is shown in Figure 4 . This was made using an IDW power parameter of 2 259 which yielded the lowest root mean square error (RMSE) for predicting bacterial NMDS1 260 scores (0.28), together with the highest precision with respect to the relationship between 261 observed and predicted values (R 2 =0.58). 262
Features of the map 263
The map reveals the broad types of bacterial communities found across Europe based 264 on the strong relationships between soil bacterial biodiversity and soil pH. The low (negative) 265 NMDS axis 1 scores reflect communities found in areas such as Scandinavia where acidic 266 and organic rich soils develop due to climatic factors; whereas high values indicate 267 communities found in more productive Southern circum-neutral pH soils, typically with lower 268 organic matter. Areas of contrasting local variability can also be seen in certain regions, where 269 geological factors such as differences in underlying parent material or topography cause local 270 change in communities. 271
To taxonomically interpret the features of the map we must firstly consider the 272 "meaning" of the first axis ordination scores. The axis 1 ordination scores summarise 273 differences in the broad taxonomic composition and relative abundance of taxa between 274 samples. Additionally, in this study, the scores correlated positively with indices of diversity 275 . This is apparent to some extent in certain arable and grassland soils in Figure 5 296 which appear to have a marked dominance of alphaproteobacterial TRF peaks, though the 297 underlying causes of this have yet to be fully elucidated. Given the importance of these soils 298 for agricultural production together with recent concerns over soil and food security, the 299 specific controls of neutral-soil taxon abundances, and functional consequences of alterations 300 in abundance, represents a key current knowledge gap. 301 302
Map validation and contrasts with other mapping approaches 303
In order to assess the accuracy of the EU bacterial map wide we contrasted the spatial 304 predictions with observed national scale data from the British Survey. The interpolated map 305 was firstly converted to a raster, and then the predicted NMDS1 scores extracted using the 306 sample locations of the British dataset, prior to correlation with the observed scores (figurenear the overall mean, the interpolation performed reasonably well at predicting the NMDS 309 community scores across Britain (RMSE=0.41, R 2 = 0.29). Despite a lack of strong correlative 310 relationships for lower pH communities, there was evidence that higher scoring (higher pH) 311 community scores could be predicted to some extent. This map of bacterial biodiversity 312 therefore gives a very broad overview of the extreme types of communities likely to be found 313 in different geographic locations across Europe, but for Britain it is of limited use in spatially 314 predicting more subtle differences in communities. Its predictive power is limited by its reliance 315 on the locations of the sampled LUCAS topsoil data points, the design of which has an 316 inherent bias towards agricultural lands (Toth et al 2013). Few samples were taken from large 317 areas of Scottish uplands in the LUCAS survey which may be explain the poor relationships 318 between predicted and observed community scores across Britain. The lack of comparable 319 national scale "test" datasets comprising bacterial data, means we are unable to assess the 320 predictive accuracy of the map for other countries. 321
To assess whether the predictive accuracy could be enhanced by drawing on more 322 advanced geostatistical predictions of soil pH, we next applied the pH-biodiversity transfer 323 function to two existing soil pH maps: a recently published predictive map at the global scale 324 (SoilGrids: soilgrids.org, Hengl et al 2014) and freely available maps of soil pH at the national 325 scale from Britain (Countryside Survey data from ukso.org). Both these maps were 326 constructed using geostatistical models applied to surveyed pH data to predict unknown 327 values using wider landscape level datasets, using information such as land cover, parent 328 material, climate etc. Maps were downloaded and rasterized where necessary, prior to 329 extracting of pH values based on the GB survey coordinates. 330
Using the detailed 1km resolution SoilGrids soil pH map offered some small 331 improvements in predicting the national scale bacterial data (RMSE=0.39, R 2 = 0.36) 332 particularly with respect to the acidic habitat scores (Figure 6b ). However the predictionsestimated. It was notable that in inspecting the range of soil pH values predicted across the 335 UK and comparing with known UK level data that the extreme values were particularly 336 underestimated in the SoilGrids predictions (e.g predictions of pH 4 or pH 8 soils were over 337 or underestimated respectively). Possible explanations could be related to i) difference in pH 338 determination between the Countryside survey and EU wide LUCAS datasets; ii) 339 undersampling of certain habitats at the EU scale; and iii) geo-statistical artefacts. It is 340 impossible to entirely discount (i) as comparable samples are not available from both surveys, 341 but a cursory inspection of the range of pH values for both datasets indicated there were no 342 systemic differences in the range of pH measurements. With respect to ii) as already 343 discussed, part of the reason for the poor fit on the negative side of the interpolated map is 344 the lack of upland areas sampled in the Lucas survey -meaning the predicted pH for under 345 sampled upland areas such as in Scotland would be higher than in reality. Whilst the SoilGrids 346 predictions utilise global soil pH data in the model, the LUCAS dataset is also a large 347 contributory dataset which could have a significant influence on the predictions. Finally with 348 respect to geostatistical artefacts (iii), the predictive maps of pH provide a mean prediction 349 based on a global model, which will always under or overestimate the higher or lower 350 extremities of the pH range respectively. This could explain why the full range of NMDS1 351 scores was not adequately reflected in the model predictions. 352
The 1km resolution national scale pH map performed considerably better in predicting 353 the range of community scores across the Britain (Figure 6c) , with better coverage of the 354 extreme ends of the scale, and a much better fit overall (RMSE=0.31, R 2 =0.60). However the 355 entire gradient of scores was not well reflected, since here the predictive map was calculated 356 based on modelled relationships between soil pH and categorical variables denoting land 357 cover, along with continuous variables related to parent material. Therefore only a limited 358 number of predicted pH categories are available in this map, constrained by the number of 359 which could relate to potentially weaker relationships between pH and available land cover 361 classes in these habitats, or less influence of parent material in these generally more organic 362 soils. Another possible reason for the larger relative error for lower scoring communities form 363 acidic habitats could relate to landscape patchiness and the resolution of the maps. For 364 instance, intensively managed parcels of land in the Britain are likely to comprise areas of 365 greater than 1km 2 which is the scale of the UKSO pH map. Human intensified landscapes will 366 typically be more homogenous and of approximately neutral soil pH to favour plant production 367 (either "naturally" or agriculturally driven). This enhances the probability that a mean value 368 per km 2 will reflect a pH measurement at any given point within that square. Conversely, 369 marginal 1km 2 land patches unfavourable for intensive agriculture will have a greater variety 370 of habitats and so the predictive accuracy with respect to point measures is likely to be 371
reduced. 372 373
Conclusions 374
This study characterised bacterial biodiversity and explored environmental correlates 375 in a range of soils sampled across continental Europe. In agreement with previous global 376 studies land use, climate and soil abiotic properties were strongly associated with changes in 377 bacterial communities, with soil pH being the best single correlate. Ultimately these findings 378 point to the general conclusion that broad characteristics of soil bacterial communities can be 379 considered as a dependent soil state variable related to other soil properties (and to some 380 extent human land use); which are ultimately controlled by the independent soil forming 381 factors of climate, relief, parent material, and time (Jenny, 1941). These relationships 382 therefore allow the global prediction of soil bacterial community features over large scales, 383 and we present the first attempt to map bacterial communities across Europe along with a 384 detailed evaluation of the predictions against observed data from national scale surveys of 385 characteristics (ordination axis scores) albeit for opposing ends of the soil biotic/abiotic 387 gradient, and we further demonstrate how the map can be improved by making use of 388 available predictive maps of soil pH, previously calculated using correlations with 389 georeferenced data on wider soil forming factors. In doing so we highlight the current 390 limitations in soil property maps at different geographic scales, with national scale predictions 391 outperforming global scale maps. 392
To avoid misinterpretation there are some notable caveats which we must stress with 393 respect to the findings of this study and other large surveys of bacterial taxa utilising 16S 394 rRNA amplicon approaches. Firstly when conducting such large scale studies, one 395 necessarily focusses on broad patterns and, particularly in this study using a community 396 profiling technique, broad taxonomic resolution. We therefore do not propose that the map in 397 any way represents similarities between soils in terms of clonal or even species level 398 composition, which may be more governed by local ecological or evolutionary processes (Cho 399 and Tiedje, 2000). Additionally, it is be stressed that soil pH is not the sole driver of differences 400 in bacterial communities, nor should any form of causation be inferred. For instance the role 401 of plant inputs can also affect the relative abundances of taxa over relatively short timescales, 402 with potentially important functional consequences for processes such as carbon cycling 403
(Thomson et al, 2013). 404
Ultimately these taxonomic limitations will be overcome with wider global adoption of 405 sequencing approaches in soil monitoring networks which will likely enable environmentally 406 driven predictive models of individual taxon abundances (Fierer et al, 2013) , rather than using 407 multivariate community estimates and relationships with well characterised soil biotic 408 variables. Whilst field-scale resolution was not the purpose of this mapping exercise, we feel 409 this should be a future ambition of global efforts to characterise soil biodiversity. Our study 410 highlights the benefits of using advances geostatistical approaches for soil biodiversity 411 be applied to other elements of soil biodiversity, including eukaryotes, given enhanced 413 understanding of controlling environmental parameters. Such knowledge can be gained both 414 by efforts to harmonise existing soil biodiversity datasets, but also by increased eukaryotic 415 sampling in national surveys -a realistic possibility now with the availability of rapid molecular 416 tools for eukaryotes (e.g Ramirez et al, 2014). Finally to conclude, our map identifies that 417 predictions are only as good as the surveyed "real" data used to build models. Predictive 418 accuracy will vary depending on the scale of the surveyed data (model inputs) and the spatial 419 extent of the area we seek to predict. Global predictions at high spatial accuracy should 420 therefore be the ultimate goal, which requires increased efforts to standardise and conduct 421 soil biotic and abiotic surveillance at global scales. These advances will be facilitated by better 422 spatial integration of distributed datasets (e.g. global harmonisation of localised climate, 423 geological, remote sensed land cover, and soil datasets) and continued development and 424 validation of mapping predictions against local surveyed data. 425
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